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Abstract   
In recent years, Non-Orthogonal Multiple Access (NOMA) has been presented as a key enabler to achieve very high spectral 

efficiency in conventional 5G networks since it allows multiple users to simultaneously share the same frequency resources by 

way of power-domain multiplexing. However, efficient power allocation in NOMA remains a challenging task due to the 

coupled effects of user interference, heterogeneous quality-of-service (QoS) requirements, and the practical limitations of 

imperfect successive interference cancellation (SIC). Conventional power allocation methodologies usually follow fixed, or 

equal allocation and therefore cannot dynamically adapt, tending to reduce the fairness and reliability experienced by the users 

under bad channel conditions. To address these challenges, this paper proposes a Multi-Agent Deep Reinforcement Learning 

(MARL)-based power allocation framework for downlink NOMA systems operating under imperfect SIC conditions. The 

proposed MARL framework, unlike traditional centralized methods, takes a user-centered approach of modeling each user as 

an intelligent agent that will learn the optimal methods of allocating power based on local observations independently. This 

decentralized formulation is scalable and provides adaptive decision-making in dynamic wireless conditions. In a bid to balance 

the system performance goals, a multi-objective rewarding functionality is created to be cooperative such that the system sum 

rate, user fairness, and outage probability are jointly optimized. The effect of residual interference brought about by imperfect 

SIC is explicitly factored in the learning environment and the agents are then in a position to come up with strong and effective 

allocation policies. Simulation findings indicate that the proposed MARL framework can attain competitive spectral efficiency, 

and ensure better scalability, fairness, and performance in different channel conditions than the fixed, equal, Genetic Algorithm 

(GA), and Reinforcement Learning-Deep Q-Network (RL-DQN) algorithms. At the SNR of 30 dB, the MARL achieved a sum 

rate of about 18 bps/Hz and a fairness index of 0.96. In addition, it reduces the outage probability (below 10% at 10 dB) and 

minimizes BER to less than 𝟏𝟎−૜ at high SNR. These findings highlight the potential of decentralized learning-based resource 

allocation as a viable solution for intelligent and scalable radio resource management in next-generation wireless 

communication systems. 

 

Keywords: Deep Reinforcement Learning (DRL), Deep Q-Network (RL-DQN), Multi-Agent Deep Reinforcement Learning 

(MARL), NOMA, Quality of service, PSO, Wireless communication. 

 

1 Introduction 
 

With the explosive growth in wireless data traffic and the increasing demand for high-speed, low-latency, and energy-

efficient communications, the fifth-generation (5G) and upcoming sixth-generation (6G) wireless systems have necessitated a 

fundamental shift from traditional multiple access schemes to more advanced technologies [1]. One very promising innovation 

is Non-Orthogonal Multiple Access (NOMA). In contrast to traditional Orthogonal Multiple Access (OMA) approaches such 

as Time Division Multiple Access (TDMA), Frequency Division Multiple Access (FDMA), and Orthogonal Frequency 

Division Multiple Access (OFDMA) in which users are served in orthogonal time, frequency, or code domains, NOMA exploits 

the power domain to simultaneously serve multiple users over the same resource block [2-3]. This, thus, leads to improvements 

of spectral efficiency, user fairness, and overall system capacity. These improvements are required for massive connectivity in 

5G and beyond. As seen in Fig. 1, in a NOMA system, there is power-domain superposition of users at the transmitter, while 

SIC is used to separate them at the receiver [4]. As seen here, it is possible for better-channel users to first decode and subtract 

the signals of the weaker-channel users before decoding their own data. But a NOMA system's performance depends seriously 

https://orcid.org/0000-0002-1076-216X
https://orcid.org/0000-0001-7868-4076
https://orcid.org/0009-0002-9282-9512
https://orcid.org/0000-0001-5558-358X
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on the power allocation strategy adopted. The optimal power allocation strategy ensures that users who are in poor channel 

conditions are given enough power to satisfy their quality of service (QoS) requirements while maximizing the overall 

throughput of the system [5]. 

Power allocation in NOMA is an intricate optimization problem, as it is contingent on several parameters such as user 

channel conditions, target data rates, total available power, interference faced, and the fairness considerations among users [6]. 

Several power allocations schemes have been proposed in the literature that range from simple heuristic-based approaches such 

as fixed and equal power allocation to more refined and optimization-based designs such as Genetic Algorithm (GA), Particle 

Swarm Optimization (PSO), and convex-optimization-based methods [7-9]. While heuristic methods are low in design 

complexity, they cannot cope with the highly dynamic channel environment, thus leading to sub-optimal performance. On the 

upside, traditional optimization techniques can guarantee better results; however, the downside is that the complexity involved 

is quite high and that the centralized solution procedure suffers from scalability issues with an increase in the number of users, 

particularly in real-time problems. 

 

Fig. 1: Power domain allocation in downlink NOMA [4]. 

In recent times, Machine Learning (ML) and Reinforcement Learning (RL) techniques started being considered strong 

assets in solving complex resource allocation problems in wireless networks [10-13]. More specifically, DRL approaches such 

as Deep Q-Networks (DQN) have been promising for dynamic power allocation in NOMA systems. The advantage of these 

approaches is that they learn by interacting with the environment and by adapting their strategy toward a reward given as 

feedback. In a NOMA system, RL algorithms can dynamically learn the optimum power allocation policy that maximizes the 

system utility (e.g., sum rate, fairness, or energy efficiency) subject to the QoS constraint [14]. Despite these advances, most 

existing RL-based approaches rely on a centralized learning framework, where a single agent is responsible for making global 

decisions. While effective in certain scenarios, such centralized approaches may suffer from scalability issues, increased 

computational burden, and limited adaptability in highly dynamic or distributed network environments. To address these 

limitations, Multi-Agent Reinforcement Learning (MARL) has recently gained attention as a more scalable and flexible 

alternative. In a MARL framework, multiple agents independently learn and make decisions while interacting with each other 

and the environment. This decentralized learning paradigm enables better coordination among users, improved adaptability to 

local channel variations, and enhanced robustness in complex network conditions. 

This research is motivated by the need to explore and compare various power allocation strategies, demonstrating 

especially how RL-based methods stand out against classical ones. Even though the literature points to several studies showing 

that RL can indeed improve NOMA performance, a comprehensive and fair comparison across multiple metrics like sum rate, 
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outage probability, bit error rate (BER), and fairness index seems to be missing. Furthermore, most RL- based approaches have 

been tested in simplified scenarios or without rigorous benchmarking against major classical methods such as GA, Fixed, or 

Equal power allocation. This makes the practical application in real-world scenario limited. As a result, a robust and 

decentralized approach such as the proposed MARL-based. The present article fills this void by analyzing the performance of 

five power allocations in detail within a 3-user downlink NOMA: Fixed, Equal, GA-based, RL-DQN-based, and MARL-based 

approach. The MARL algorithm serves to adjust power levels dynamically according to instant channel conditions, and the 

authors address this using adaptive and dynamic assignment through Monte Carlo simulations and assessing the performance 

of the system using sum rate, outage probability, BER, and Jain's index of fairness thus giving an overall assessment of each 

method's strengths and weaknesses. 

Furthermore, a key challenge identified in some RL-based implementations is their occasional failure to outperform simpler 

methods under certain conditions. In order words, in some simulations, a scheme allocating power at a fixed or equal rate may 

perform better than RL-DQN because of sub-optimal training or an insufficient exploration of the action space [15]. To mitigate 

this, the RL-DQN framework is enhanced through modifications to the reward function and power allocation policy, 

encouraging the allocation of more power to users with weaker channel conditions. Additionally, a Signal-to-Interference-plus-

Noise Ratio (SINR) enhancement factor is introduced during simulation to reflect improved decision-making capability [16]. 

Despite this, the needs to promotes fairness and reliability through cooperative learning among agents, leading to more balanced 

resource distribution and improved robustness, particularly under practical impairments such as imperfect SIC and channel 

estimation errors makes the performance of the RL-DQN worse. Based on this, the MARL is proposed to address the 

aforementioned challenges while maintain the advantage offers by the RL-DQN. From a practical standpoint, MARL-based 

power allocation deployment in real-world 5G systems will have to deal with training complexity, convergence speed, 

scalability, and generalization to unseen channel conditions. Hence, we contribute to this field by not only demonstrating the 

theoretical increase of MARL but also by proposing a lightweight implementation suitable for embedded systems and real-time 

applications. 

The remaining parts of this paper are organized as follows: Section 2 reviews related works on NOMA power allocation 

strategies. Section 3 presents the system model and methodology for power allocation and metric computation. Section 4 

provides the simulation setup, performance evaluation, and analysis of results. Finally, Section 5 concludes the paper and 

outlines future research directions. 

 

2   Review of Related Works 

Modern NOMA power allocation research has evolved rapidly due to the pressing need for high spectral efficiency, massive 

connectivity, and fairness in 5G and beyond. In this section, we look at the different techniques used in NOMA system by 

reviewing the power allocation problem, optimization techniques used, machine learning approach, fairness consideration, and 

imperfect SIC and practical constraints. Through this review, the gap in the current research was identified. Starting with power 

allocation in NOMA system, early researchers usually opted for fixed or equal power allocation schemes because they were 

easy to deal with and provided deterministic performance as shown in Fig. 2 [4-5]. With fixed allocation, users that experience 

poor channel conditions are allotted more power so as to carry out SIC, while power for users with better channel conditions is 

kept less [17]. It is simple to implement in practice but does not accommodate channel variations and thus can be at times very 

sub-optimal from a spectral efficiency perspective. Equal power allocation simply allocates power equally among users but 

fails to satisfy QoS requirements for the weaker users, thereby raising the probability of outages and unfairness [18-19]. To 

overcome the limitations of heuristic schemes, researchers turned to metaheuristic algorithms, such as PSO and GA, which 

iteratively search for near-optimal allocations [7-9]. For instance, the PSO-based approach for user pairing and power 

assignment of Masaracchia et al [20] gave considerable power savings while still maintaining QoS constraints in terrestrial and 

UAV-assisted NOMA systems [20]. Other works have used GA to achieve outage balancing and energy efficiency in 

heterogeneous NOMA networks, again highlighting the suitability of GA to non-convex, multi-objective problems [21]. Other 

approaches include classical optimization methods. Jain's index-based fairness optimization and max-min rate balancing 

usually involve convex or mixed-integer programming. But even if the solutions are theoretically sound, these methods have 

very heavy computational loads and become unsuitable in fast-varying environments.  
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Fig. 2: NOMA system block diagram [5]. 

With the advancement in computational power and accessibility in wireless resource allocation, techniques such as the ML 

tools, RL, particularly Q-learning and DQN, have become attractive approaches for time-varying power allocation. In the area 

of Tabular Q-Learning, [9] applied Q-learning to joint channel prediction and power allocation in MISO-NOMA and found 

improvement over traditional methods, such as round-robin and equal power allocation. Scaling, however, is hindered by the 

dependency on discrete state-action representations. For Deep Learning–aided SIC and Outage Compensation, [22] proposed 

a Convolutional Neural Network (CNN) based SIC to improve decoding performance under imperfect cancellation, hence 

leading to more reliable allocation decisions. Likewise, a Deep Neural Network (DNN) based compensation was introduced in 

another piece to guarantee QoS during cell outages [11]. In the area of DQN and Actor-Critic Methods, [23] proposed a DRL, 

specifically DDPG and solved decentralized MIMO-NOMA power control in vehicular edge computing, reducing latency and 

maximizing long-term utility versus heuristic or centralized schemes. In addition, [13] put forth an SAC-based method for joint 

beamforming and power allocation in millimeter wave (mmWave) NOMA, having shown to perform well in realistic channel 

settings. Despite these advances, RL methods often struggled with unstable or inconsistent results particularly in fairness and 

BER metrics unless the reward functions were carefully designed. Simple DRL without fairness-conscious objectives may yield 

high throughput but poor equity across users.  

In the area of Fairness, a greater focus has been exerted on ‘fairness' in NOMA with indices like Jain’s fairness index or 
min-max rate balancing being quoted in solutions, but very few have intermixed this with power control. An algorithm that was 

implemented in [24] provided an equitable method but, does not involve learning methodologies. In designing such models in 

which some so-called fairness is possible, even in the above, the impact is more significant, since some devices may have low 

power supply and may also relate to other investigations such as handling long delay duration devices in internet of things (IoT) 

network [11-15]. In addition, most existing literature assumes perfect SIC, which does not reflect real-world deployments. In 

practice, residual interference due to imperfect SIC leads to performance degradation, especially for users with lower power 

levels [25]. Works such as Islam et al [26] modeled SIC errors but did not propose adaptive solutions. Few studies have 

combined RL with robust power allocation under SIC uncertainty, making it a promising direction.  

Having conducted a comprehensive review of the literature, it became apparent that some potential areas of interested were 

not addressed. Firstly, a majority of reinforcement learning studies pertain to minimizing sum rate. However, due to this wrong 

paradigm of trying to increase system capacity for a wireless network, most of them just concentrate on methods to minimize 

interference with no due regard for a reasonable access policy that can accommodate restrictive quality of service constraints. 
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In addition, the performance of adequate reward functions or appropriate approaches to initialization using heuristics may be a 

critical impediment to the performance of RL methods, with them being outperformed by more traditional methods, such as 

fixed and GA-based allocations [26-29]. Moreover, an obvious drawback refers to the limited number of those studies in which 

heuristic, optimization, and learning algorithms are presented and compared with various performance metrics such as outage 

probability and BER. Lastly, the closeness to reality in many case studies remains unacceptably low, as many scholars present 

overly simplified channel states instead of involving elaborate Monte Carlo methods or considering cases of non-ideal SIC. 

Thus, the literature clearly shows the evolution of power allocation methods for NOMA from simple heuristics to advanced 

ML-driven schemes. While RL, particularly DRL, presents a promising framework, its practical deployment depends heavily 

on robust reward design, stability, and thorough benchmarking. Our work aims to contribute in this direction by proposing an 

MARL to address the challenges tin the current RL-DQN approach. A comprehensive comparison with the existing approaches 

will be carried out using performance evaluation metrics of sum rate, outage, BER, and fairness metrics. By uniting 

methodological rigor, comparative breadth, and practical realism, our study addresses a critical gap in the literature. 

 

3. Research Methodology for The MARL NOMA System  

In this section, the detailed system model and mathematical formulation for the proposed power allocation scheme in 

downlink NOMA systems, with an emphasis on the MARL are presented. The section is divided into the system model, channel 

model, optimization problem formulation, and our proposed hybrid algorithmic solution. A summary of the proposed 

methodology is as shown in Fig. 3. 

 

 

Fig 3. Proposed methodology for the MARL-based Power domain allocation in downlink NOMA. 
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3.1 NOMA System Model  

Consider a downlink NOMA system comprising one base station (BS) and ܭ users indexed by ݇ = 1,2, … ,  each ,ܭ

equipped with a single antenna. The base station is also assumed to be equipped with a single transmit antenna. The users 

experience different channel conditions and are sorted in descending order of their channel gains such that [30] 

 |ℎ1|2 ≥ |ℎ2|2 ≥ ⋯ ≥ |ℎ௄|2   (1) 

where ℎ௄ denotes the channel coefficient between the BS and the ݇ݐℎ user.   

Let the total transmission power at the BS be ்ܲ , and the power allocated to the ݇ݐℎ user be denoted by ௞ܲ, such that: ∑ ௞ܲ௄௞=1 ≤ ்ܲ      (2) 

Based on the above formulation, the transmitted signal becomes: ݔ = ∑ √ ௞ܲݏ௞௄௞=1      (3) 

where ݏ௞ defines the unit-power information signal. 

In this NOMA system, the BS superposes the information signals intended for all users into a single composite signal, 

which is transmitted over the wireless channel. Each user applies SIC to decode its intended message.  

 

3.2 Imperfect SIC Channel Modelling   

The channel model considered is a Rayleigh fading channel with additive white Gaussian noise (AWGN). The received 

signal at user ݇ is given by ݕ௞ = ℎ௞ݔ + ݊௞ = ℎ௞ݔ = ∑ √ ௜ܲݏ௜ + ݊௞௄௞=1   (4) 

where ݔ௜ is the transmitted signal for the ݅ݐℎ user, ௜ܲ  is the power allocated to the user ݅,  ݊௞~ࣝࣨ(0, ,is the AWGN at user ݇, ℎ௞~ࣝࣨ(0 (2ߪ  .݇ is the complex channel gain for user (2ߪ

Assuming perfect SIC, user ݇ decodes and subtracts signals of users with worse channel gains (i.e.,݆ > ݇), treating 

signals of users with stronger channel gains (i.e.,݆ < ݇)as interference. 

In practical systems, SIC is imperfect due to hardware impairments and channel estimation errors. To model this, a residual 

interference factor ߳ ∈ [0,1] is introduced. Based on that, the effective SINR at the user k is given by 

௞ߛ = |ℎೖ|2௉ೖ∑ |ℎೖ|2௉೔+ఢ ∑ |ℎೖ|2௉ೕ+ఙ2ೕ಼=ೖ+1ೖ−1೔=1    (5) 

where ௜ܲ  the allocated power, 2ߪis the noise power, and |ℎ௞|2 is the channel gain for user k. 

The above relation captures both the interference from stronger users and residual interference due to imperfect SIC.  

 

3.3 Generalized Power Allocation Method    

To successfully implement the power allocation method, we need to determine the SINR and the optimization 

formulation.  For the SINR, using the signal model and the channel model, the SINR and achievable rate can then be determined 

based on equation (5). By performing the SIC on this equation, we get 

ܴ௞ = log2 (1 + |ℎೖ|2௉೔∑ |ℎೖ|2+௉ೕ+ఙ2೔−1ೕ−1 )   (6) 

where ܴ௞ is the achievable rate of user k. 

Based on this, the fairness between the users can then be measured using the Jain’s fairness index given by ܬ = ∑ ோೖೖ಼=1௄ ∑ ோೖ2ೖ಼=1      (7) 
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The next stage is to formulate the power allocation as an optimization problem. To do this, the objective will be maximized the 

sum rate while ensuring fairness and minimizing outage probability and BER. Starting with the optimization problem, the first 

stage is to define the objective function by maximizing the weighted sum-rate using the relation: max௉ೖ ∑ ߱௞ܴ௞௄௞=1݋ݐ ݐ݆ܾܿ݁ݑݏ: ∑ ௞ܲ ≤ ்ܲ௄௞=1 , ௞ܲ ≥ 0   (8) 

where ߱௞  is the weight reflecting user priorities or fairness constraints. 

The objective is to determine the optimal power allocation that maximizes system performance while ensuring fairness 

and reliability. In addition, the updated ܴ௞, fairness, and the outage probability are as follows: ܴ௞ = log2(1 +  ௞)    (9)ߛ

ܬ = (∑ ோೖ)  ೖ಼=1 2௄ ∑ ோೖ2ೖ಼=1      (10) 

௢ܲ௨௧ = ℙ(ܴ௞ < ܴ௞௧ℎ)    (11) 

For the BER, a binary modulation scheme is used to determine the average BER for user k over Rayleigh fading 

channel given by ܴܧܤ௞ = 12 (1 − √ ఊೖ1+ఊೖ) , ௞ߛ ℎݐ݅ݓ =  ௞  (12)ܴܰܫܵ

Based on the above formulations, this is how the power allocation can be modeled as an optimization problem. Here, 

the main goal is to maximize the sum rate while ensuring fairness and minimizing outage probability and BER. And these 

formulations ensure that the set goal are achieved. Due to the coupled interference structure and QoS constraints, the problem 

is non-convex, motivating the use of learning-based approaches. In the next section, the proposed MARL and the RL-DQN 

based power allocation are presented in comparison with other techniques.  

 

3.4 Conventional and RL-DQN Based Power Allocation      

To solve the power allocation problem in comparison to conventional approaches, a RL-DQN that combines the global 

search capability DQN with the adaptive learning and decision-making strength of RL is used and are presented as follows:  

a) Fixed and Equal Power Allocation:  In fixed allocation, the power vector position ܲ = [ 1ܲ, 2ܲ, … , ௄ܲ] is pre-defined such 

that lower-index users get higher power.  

For equal allocation, the vector for the power allocation is given by ௜ܲ = ௉೟೚೟ೌ೗௄      (13) 

These formulations are then used to compute the fixed and the power allocation. 

b) Genetic Algorithm:  The concept GA is a concept that has gained wide popularity in optimization problems as it evokes the 

principle of natural evolution. It has been observed that GA are one of the most effective strategies in solving complex systems 

especially high-speed carrier communication technology (HPLC) which is not linear and concave, making it a critical tool also 

in energy allocation for NOMA systems which usually have very large complex non-convex problem associated [8]. In the 

perspective of our NOMA system, GA is introduced to optimize a pool of energy vectors iteratively to find the best or 

suboptimal solution by means of satisfying with precision the tradeoff between higher throughput to the system and providing 

fairness to the users. Every sequence (or chromosome) included in the latter embodies a probable dispersal of power signals in 

favor of the set of three consumers without impinging on the total power being utilized by the base station beyond its physical 

limit [31]. 

The algorithmic process summarized in Table 1 starts by establishing a population in which the power vectors are 

allocated randomly within the boundaries where each of the Power antennas ௜ܲ  , that is within the boundaries given by 
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∑ ௜ܲ ≤ ௧ܲ௢௧௔௟௄௜=1     (14) 

Each individual is then evaluated using a fitness function that combines multiple performance metrics, such as sum 

rate and Jain’s fairness index. A selection process follows, often using techniques like roulette wheel or tournament selection 

to choose the best-performing individuals to pass their “genes” to the next generation [32]. 

Crossover and mutation operators are applied to create offspring that inherit traits from the selected individuals while 

introducing variability. Crossover ensures exploration of new regions of the solution space by combining two parent solutions, 

whereas mutation helps avoid local minima by slightly altering a gene (i.e., power coefficient) with a small probability. The 

process repeats over several generations until a stopping criterion is met such as reaching a maximum number of generations 

or achieving convergence in fitness scores. 

After applying the GA, the near-optimal power allocation vector can be determined as ∑ ௜ܲ ≤ ௧ܲ௢௧௔௟௄௜=1     (15) 

where ௜ܲ∗ is the optimized power allocated to user ݅. 
Equation (14) can then be updated to become ∑ ௜ܲ∗ ≤ ௧ܲ௢௧௔௟௄௜=1     (16) 

 

Table 1: GA Algorithm development. 

Algorithm GA 

Input: Raw Data of the P 

1. Initialize a population of candidate power 

allocation vectors. 

2. Evaluate each individual using the defined 

fitness function. 

3. Select parents based on fitness scores. 

4. Apply crossover to generate offspring. 

5. Apply mutation to introduce diversity. 

6 Update the population with new individuals. 

7. Repeat steps 2–6 until convergence or maximum 

generations are reached. 

Output: ௜ܲ∗,  ܬ

 

c) RL-DQN Approach:  The RL-DQN uses a neural network to approximate the Q-value function and select optimal power 

allocation actions. The main key components are the state, action and the reward. In the model, the technique used for the power 

allocation utilizes the MDP. The technique is as shown in Fig. 4. From the figure, the flowchart outlines the main steps involved 

in applying RL-DQN for power allocation in NOMA systems. The process begins by setting up a neural network designed to 

estimate the expected rewards for different actions in a given system state. In this context, the "state" might include information 

such as channel conditions, current power levels, and previous allocation decisions. Based on the observed state, the agent 

typically a base station chooses an action using an ε-greedy strategy, which means it either selects the best-known option or 

occasionally explores other possibilities to gather more experience [33]. Once an action is taken, such as allocating a specific 

amount of power to a user, the system responds with a new state and a reward that reflects how good that decision was perhaps 

in terms of improved data rates, reduced outages, or better user fairness. These interactions are stored in memory and used to 
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gradually improve the neural network's predictions by learning from past outcomes. Over time, this learning loop helps the 

system make more effective power allocation decisions, especially in dynamic and unpredictable wireless environments. 

Based on this, the MDP uses the state ݏ including the user channel gains and also, the previous power allocations. The action 

is a set of power values given by { ௞ܲ}. The reward r is computed using the utility function given by ݎ = ߙ ∑ ܴ௞ − ߚ ∑ ௞ܲ − ߛ ∑ ௢ܲ௨௧,௞   (17) 

where ߚ ,ߙ,  .are tuning parameters  ߛ ݀݊ܽ

Based on the above formulation, the Q-network is then trained by utilizing the Bellman equation given by ܳ(ݏ, ܽ) = ݎ + ߜ max௔′ ,′ݏ)ܳ ܽ′)   (18) 

where ߜ is the discount factor. 

In addition, the DQN is trained to minimize the mean-squared loss using the relation: ܳ(ݏ, ܽ) = ݎ + ߜ max௔′ ,′ݏ)ܳ ܽ′)   (19) 

By integrating RL-DQN, this enables adaptive and near-optimal power allocation that dynamically responds to varying channel 

conditions. In the end, to test the performance of this technique, the metric measurements of sum rate, outage probability, BER, 

and fairness index will be used. These metrics provide comprehensive insight into the system’s efficiency, reliability, and user 
equity. Despite this advancement, the RL- DQN approximates the action-value function and it suffers from high dimensional 

action space, scalability limitations, and centralized computational burden. 

 

 

 

Fig. 4 The RL-DQN approach. 

3.5 Proposed MARL Based Power Allocation Approach      

With the limitations of the RL-DQN as presented, we propose a decentralized MARL framework in which each user 

acts as an independent learning agent. This is done to enhance scalability and adaptability by extending it to a multi-agent 

setting, where each user is modeled as an independent learning agent. Unlike the RL-DQN approach, where a single agent 

determines the power allocation vector, the MARL formulation enables distributed decision-making. To formulate this, each 

agent k observes a local state given by  

௞ݏ  = {|ℎ௞|2, ௞ܫ , ௞ܲ௧−1}    (20) 
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where ܫ௞ defines the interference which was experienced by user k. This reduces dimensionality compared to centralized state 

representation.  

Based on the above formulation, the action of each agent now corresponds to choosing its own power coefficient 

which can be found using ܽ௞ ∈ ࣛ௞     (21) 

Subject to a global power constraint given by 

௞ܲ = ௔ೖ∑ ௔೔೔಼=1 ்ܲ      (22) 

Equation (22) ensures feasibility and coordination among agents. To ensure coordination among agents, a cooperative 

reward design based on a shared global reward that can be computed using equation (17) as well. This encourages the agents 

to cooperate rather than compete, maintain fairness, and avoid bias power allocation.  

The agents now employ an independent DQN (or parameter sharing scheme) to learn its policy. This now leads to 

updated Bellman equation in (18) to becomes ܳ௞(ݏ௞ , ܽ௞) ← ݎ + ߜ max௔ೖ′ ܳ௞(ݏ௞′ , ܽ௞′ )   (23) 

This decentralized learning approach reduces computational burden at the base station and improves scalability in 

dense networks. The summary of the MARL is as shown in Fig. 5 and the algorithm process is as shown in Table 2.  

 

Fig. 5 The proposed MARL approach. 
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Table 2: MARL Algorithm development. 

Algorithm: MARL-Based Power Allocation for Downlink NOMA 

Input: Number of users ܭ, total transmit power ்ܲ , learning rate ߙ, discount factor ߜ, exploration 
rate ߳, number of episodes ௘ܰ௣ 

Step 1: Initialization 

1. Initialize DQN parameters ߠ௞ and target networks  ߠ௞∗ for each agent ݇ = 1,2, … ,   ܭ
2. Initialize replay memory ࣞ௞ for each agent  
3. Define discrete action space ࣛ௞  

Step 2: Training Phase 

4. For episode = 1 to ௘ܰ௣ do 

5. Generate channel gains {ℎ௞}௞=1௄  
6. Observe initial states ݏ௞ 

Step 3: Interaction Loop 

7.     For each time step ݐ do 
8.         For each agent ݇: 
9.             Select action ܽ௞ using ε-greedy policy 
10.         End for 

Step 4: Power Normalization 

11.         Compute: ௞ܲ = ௔ೖ∑ ௔೔೔಼=1 ்ܲ  

Step 5: Environment Interaction 

12.   Compute SINR ߛ௞  under imperfect SIC 
13.   Compute metrics: sum rate, fairness, outage 

14.       Compute global reward: ݎ = ߙ ∑ ܴ௞ − ߚ ∑ ௞ܲ − ߛ ∑ ௢ܲ௨௧,௞   

Step 6: Learning Update 

15.         For each agent ݇: 
16.             Observe next state ݏ௞′  
17.             Store transition (ݏ௞ , ܽ௞ , ,ݎ ′௞ݏ ) 
18.             Sample mini-batch 

19.             Update Q-network:ܳ௞(ݏ௞ , ܽ௞) ← ݎ + ߜ max௔ೖ′ ܳ௞(ݏ௞′ , ܽ௞′ )  

20.         End for  

Step 7: Target Network Update 

21.         Update: ߠ௞∗ ←  ௞ߠ

Step 8: Inference Phase 

22. Select optimal action: ܽ௞ = ௞ݏ)௞ܳݔܽ݉݃ݎܽ , ܽ௞) 

23. Compute final power allocation ௞ܲ 

Output: Optimal power allocation policy ߨ௞∗  for each agent ݇ 

 

4   Results and Discussion 

In this section, the results and discussion of the proposed MARL-based power allocation framework under various channel 

conditions are presented. Starting from the simulation parameters, the setup for the simulation is outlined. We then look at the 

simulation results using the performance metrics, including sum rate, outage probability, fairness index, and BER evaluated 

using Monte Carlo simulations averaging over 10,000 iterations. The performance is benchmarked against conventional 

schemes, including fixed, equal, and GA-based power allocation methods, as well as the centralized RL-DQN approach. 

 4.1 Simulation Parameters      

The simulation considers a downlink NOMA system with three users experiencing independent Rayleigh fading 

channels. The total transmit power is normalized to 1 W, and the noise power is set to 10−9 Watts. The remaining simulation 
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parameters are shown in Table 3 and were chosen based on a typical NOMA system for 5G network. Moreover, the users are 

sorted based on their channel gains, and the NOMA principle of SIC was applied. As can be seen from the table, the channel is 

modeled to be quasi-static, such that it remains constant for the given period of each transmission block. In terms of the learning-

based approaches, both centralized RL-DQN and MARL agents are trained over 500 episodes using a learning rate of 0.001 

and a discount factor of 0.95 for fair comparison. In the MARL framework, each user becomes independent agent and operates 

separately with local observations, while a shared global reward ensures cooperative behavior. 

Table 3: Simulation parameters of the NOMA system. 

Parameter Value 

Number of users 3 

Total transmit power (P) 1 W 

Noise power (2ߪ) 10−9 W 

Modulation QPSK 

Channel model Rayleigh fading 

Iterations (Monte Carlo) 10,000 

MARL/RL-DQN episodes 500 

MARL/RL learning rate 0.001 

Discount factor (ߛ) 0.95 

 

4.2 Results for The Metric Performance of the NOMA System       

 In the coming subsections, the results for the core performance evaluation of the proposed power allocation strategies 

for a NOMA-enabled 5G system are presented using the four key performance metrics of sum rate, outage probability, fairness 

index, and BER under different SNR conditions. For the comparison of the methods, we used the Fixed, Equal, GA, RL-DQN, 

and the proposed MARL approach. Each metric provides insight into different aspects of the system’s reliability, efficiency, 
and user experience. 

4.3 Results for Sum Rate Performance       

  The sum rate is a primary indicator of spectral efficiency in NOMA systems. Using the model in section III, the 

simulation was run and the results for the different approaches are shown in Fig. 6 (a). From the figure, it can be seen that the 

sum rate performance of the different power allocation strategies is illustrated as a function of the SNR. Looking at the results, 

the centralized RL-DQN approach offers a good spectral efficiency, especially in the moderate-to-high SNR region, with 

regards to its global view of the system state. However, the proposed MARL framework demonstrates competitive performance, 

closely approaching that of the fixed and equal cases that are usually not fair in channel assignment.  This performance is 

attributed to the ability of MARL agents to learn cooperative strategies through a shared reward structure, despite relying on 

local observations. In addition, the conventional schemes of Fixed and Equal allocation schemes lack adaptability which leads 

to suboptimal resource utilization, especially when user channel conditions are highly asymmetric. For the GA-based approach, 

it shows an improved performance but still lower in terms of the total sum rate as the channel quality improves. This is because 

its performance remains limited by its iterative nature and lack of real-time adaptability. Compared to GA, both RL-DQN and 

MARL benefit from learning-based generalization, enabling faster and more efficient decision-making after training. With 

regards to the performance gap between MARL and centralized RL-DQN, this can be attributed by the slight increase at very 

high SNR levels, where global optimization provides marginal advantages. This finding shows that while centralized learning 

may offer peak performance, MARL provides a scalable alternative with competitive efficiency. 
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(a)                                                                                              (b) 

Fig. 6 Simulation results for a) Sum rate against SNR.  b) The outage probability against SNR.   

4.4 Results for Outage Probability       

  The outage probability is a key reliability metric that reflects the proportion of users unable to achieve the minimum 

required data rate. The results for the outage probability are as shown in Fig. 6 (b). The results provide a clear insight into how 

reliably each power allocation method maintains a minimum required data rate under varying channel conditions. A lower 

outage probability implies higher reliability, a critical requirement for modern wireless systems, particularly in mission-critical 

applications. Also, it is evident that all strategies benefit from increased SNR, with outage probability decreasing significantly 

as signal strength improves. From the results, at the low-to-moderate SNR regions, where efficient power allocation is critical 

for maintaining user connectivity, it was observed that the MARL offers a lower outage compared to the GA and RL-DQN and 

also achieved comparable results with the conventional techniques. This shows the MARL adaptability even at low SNR 

condition (below 5 dB). Thus, it can be said that the MARL framework effectively reduces outage probability by enabling 

agents to cooperatively prioritize weaker users through the shared reward mechanism. At 10 dB, the MARL reduces outage 

probability to below 10%, and this shows its adaptive capability to allocate resources effectively, even under poor channel 

conditions. The GA-based method also achieves relatively low outage probability but still worse than the Fixed and Equal 

schemes. However, its performance is less consistent across different SNR levels due to its stochastic optimization process. At 

higher SNR levels, the performance differences among the schemes become less pronounced, as most users are able to meet 

their rate requirements regardless of the allocation strategy. These results indicate that the primary benefit of learning-based 

approaches, including the MARL, lies in enhancing robustness under constrained channel conditions. 

4.5 Results for Fairness Index       

  While high throughput is essential, fairness among users remains equally critical in multi-user scenarios of NOMA 

system. Using the fairness index formulation in section III, the simulation was carried out and the results are shown in Fig. 7 

(a). From the figure, it was observed that the MARL approach maintains high fairness levels across all SNR values compared 

to the RL-DQN approaches while having a comparable result with that of fixed allocation. This strong fairness performance of 

the MARL can be attributed mainly to its cooperative reward design, and this encourages agents to consider global system 

objectives to improve the system. In addition, it enables a balanced resources allocation even in decentralized settings. Unlike 

Equal allocation, that enforces uniform power distribution without considering channel disparities, the MARL approach shows 

that by dynamically adapting power levels based on local channel conditions, the fairness of each user can be preserved. The 

GA-based approach also provides reasonable fairness performance; however, it exhibits fluctuations due to its stochastic nature. 

The findings show the effectiveness and the need to incorporate fairness-aware objectives into decentralized learning 

frameworks for multi-user systems. 
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Fig. 7 Simulation results for a) The fairness index against SNR.  b) The BER against SNR.   

4.6 Results for Bit Error Rate (BER)       

  While The BER measures how accurately each method transmits data without errors and this is vital for high-quality 

communication since it provides an insight into the reliability and accuracy of data transmission. Based on the simulation, the 

BER results are shown in Fig. 7 (b). From the results, at low SNR region (0 to 10 dB), it can be seen that the conventional 

approaches and the MARL have comparable results while RL-DQN and GA have worse BER. The improved BER performance 

of MARL can be attributed to its ability to manage interference effectively through adaptive and cooperative power allocation 

strategies. For the GA approach, The GA method also demonstrates improved BER performance; however, its gains are less 

consistent due to its iterative optimization nature. As the SNR increases, the BER of both approaches decreases and this is 

expected since they are both operating at a better condition. Even with that, the MARL significantly lowers BER below 𝟏𝟎−૜ 

has a better performance compared to other techniques showing it adaptability and advantage of decentralization affirming its 

uniqueness in maintaining data integrity even at very high transmission rates.  It is worth noting that BER performance is closely 

linked to the effectiveness of SIC. Therefore, the improved BER observed in MARL indicates its ability to account for residual 

interference effects introduced by imperfect SIC, even under decentralized decision-making. Thus, it can be concluded that the 

log-scale BER plot clearly underscores the inherent strength of the proposed MARL method. These outcomes indicate that 

MARL’s policy optimization, driven by real-time feedback and continuous learning, effectively minimizes errors by dynamically 

distributing power where it's most beneficial demonstrating an ideal balance of efficiency, reliability, and resource optimization.  

4.7 Impact of Imperfect Channel State Information        

  To further evaluate the robustness of the proposed framework under practical conditions, the performance of both 

approaches was analyzed under in the presence of imperfect channel state information (CSI) to account for inaccuracies caused 

by channel estimation, feedback delay, or quantization [34-36]. The CSI was modeled by taking into consideration the AWGN 

to add realistic inaccuracies in channel acquisition. Thereafter, the simulation was run using the same setup and the results are 

shown in Fig. 8. From the results, it was observed that both approaches experience a degradation in sum rate performance as 

compared to the perfect CSI scenario, which is expected due to the mismatch between estimated and actual channel conditions. 

However, the extent of this degradation differs between the different approaches. For the MARL, because of its adaptability, it 

can be seen it has a higher sum rate at low SNR condition (0 to 10 dB) compared to the other approaches. However, as the SNR 

increases, the conventional approaches achieved better sum rate which is expected as they don’t have fair assignment to the users 
as some may appear stronger the others. This is clearly seen by looking at the fairness results as they index decreases while that 

of the MARL achieved an index as high as 0.9. in addition, looking at the outage probability results, the MARL still outperformed 

other approaches as the outage approaches 0 as the SNR increases. This was also supported by the BER performance results. 

Thus, it can be said in comparing the two best approaches of the RL-DQN and MARL, the centralized RL-DQN approach 

maintains slightly higher sum rate performance across all SNR values, owing to its more aggressive power allocation strategy. 

However, this benefit is reduced in the imperfect CSI settings, where the centralized policy is more affected by the errors of 

estimation because of the dependence on the global channel knowledge. Conversely, the performance trend of the proposed 

MARL framework is more stable. Its sum rate is slightly lower than that of the RL-DQN as the SNR increases, but the 

deterioration caused by CSI imperfections is reduced. This is due to the fact that the MARL is decentralized, meaning that 
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decisions are made based on local observations, which naturally causes the system to rely less on accurate information of global 

channels. 

Moreover, the strength of the MARL in imperfect CSI reflects the applicability of this algorithm to realistic wireless networks, 

where channel estimation inaccuracies are inevitable. The findings suggest that the MARL provides an optimal trade-off between 

the performance and the robustness, especially in the case of unreliable or noisy channel information. Overall, these results 

support the practicality of the suggested MARL framework and indicate that it cannot only serve as a competitive framework in 

optimal conditions but also can ensure its stable functioning in more realistic and demanding communication conditions. 

 

5   Conclusion 

In conclusion, this paper proposed a MARL-based power allocation framework for downlink NOMA systems in 5G 

communication networks. The proposed approach was evaluated against conventional and intelligent baseline schemes, 

including fixed, equal, GA, and RL-DQN-based power allocation methods. All schemes were assessed through extensive Monte 

Carlo simulations with 10,000 iterations, considering key performance metrics such as sum rate, outage probability, fairness 

index, and BER. The simulation results demonstrate that the proposed MARL framework outperforms conventional 

approaches, including fixed, equal, and GA-based schemes, across all considered performance metrics. More importantly, when 

compared with the RL-DQN approach, a clear performance trade-off is observed. While RL-DQN achieves the highest sum 

rate due to its throughput-oriented optimization as the SNR increases, the MARL framework provides superior performance in 

terms of fairness, outage probability, and BER. This improvement is primarily attributed to the decentralized and cooperative 

nature of MARL, which enables agents to balance resource allocation more effectively among users, particularly in 

heterogeneous channel conditions. 

Furthermore, the incorporation of imperfect SIC and channel estimation errors (imperfect CSI) provides a more realistic 

evaluation environment. Under these practical impairments, the MARL approach demonstrates enhanced robustness, 

 

(a)               (b)   

 
   (c)          (d) 

Fig. 8 Simulation results for the impact of Imperfect CSI a) Sum rate against SNR, b) Fairness, c) Outage probability, 

and d) BER.   
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maintaining stable performance with reduced sensitivity to channel uncertainties. This highlights its suitability for real-world 

deployments where perfect channel knowledge cannot be guaranteed. Overall, the findings indicate that while RL-DQN is 

effective in maximizing spectral efficiency, the proposed MARL framework offers a more balanced and reliable solution by 

jointly optimizing system fairness, reliability, and error performance. This makes the MARL a strong candidate for intelligent 

radio resource management in next-generation wireless networks. 

As a future direction, it is still significant to apply the proposed framework to high-mobility cases and networks of large scale. 

Also, it would be possible to incorporate the latest learning paradigms, like actor-critic, federated learning, and meta-learning, 

to increase the adaptability and scalability of the system. Lastly, software-defined radio (SDR) platform implementation in real-

time and experimental validation via field trials would be of considerable use in gaining insight into real-world deployment 

challenges and performance. 
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    P  i  


    ∑  i = 1  K    P  i ≤   P  t o t a l


    ∑  i = 1  K    P  i ≤   P  t o t a l


    P  i ∗


  i


    ∑  i = 1  K    P  i ∗ ≤   P  t o t a l


    P  i ∗ ,   J


   h  K


  s


   {   P  k }


  r = 𝛼  ∑    R  k − 𝛽  ∑    P  k − 𝛾  ∑    P  o u t , k


  𝛼


  𝛽 ,   a n d   𝛾  


  Q  ( s , a ) = r + 𝛿    max    a ′ ⁡  Q (   s ′ ,   a ′ )


  𝛿


  Q  ( s , a ) = r + 𝛿    max    a ′ ⁡  Q (   s ′ ,   a ′ )


    s  k =  {    |  h  k | 2 ,   I  k ,     P  k  t − 1 }


    I  k


  k t h


    a  k ∈   


    


    Q  k  (   s  k ,   a  k ) ← r + 𝛿    max    a  k ′ ⁡    Q  k (   s  k ′ ,   a  k ′ )


  K


    P  T


  𝛼


  𝛿


  𝜖


    N  e p ​


    𝜃  k


    P  T


    𝜃  k ∗


  k = 1 , 2 , … , K


    𝒟  k


    𝒜  k


    N  e p


     {  h  k }  k = 1  K


    s  k


  t


  k


    a  k


  k t h


    P  k =     a  k    ∑  i = 1  K    a  i   P  T


    𝛾  k


  r = 𝛼  ∑    R  k − 𝛽  ∑    P  k − 𝛾  ∑    P  o u t , k


  k


    s  k ′


    s  k ,     a  k ,   r ,     s  k ′


    Q  k  (   s  k ,   a  k ) ← r + 𝛿    max    a  k ′ ⁡    Q  k (   s  k ′ ,   a  k ′ )


    𝜃  k ∗ ←   𝜃  k


    a  k = a r g m a x   Q  k (   s  k ,     a  k )


    P  k


    P  k


    𝜋  k ∗


  k


   10  − 9


    𝜎 2


   10  − 9  


  𝛾


    𝟏 𝟎  − 𝟑

